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Abstract— The scarcity of annotated infrared (IR) image
datasets limits deep learning networks from achieving per-
formances comparable to those achieved with RGB data.
To address this, we introduce a novel semi-supervised RGB-
to-IR Image-to-Image Translation model (SSL-RGB2IR) that
generates synthetic IR data from RGB images. Our model
effectively preserves the IR characteristics in the generated
images from both synthetic and real-world data. Compared
to existing image-to-image translation techniques, training
models on this generated IR data significantly improves per-
formance in downstream tasks like segmentation and de-
tection. Notably, in sim-to-real transfer, the segmentation
model trained on SSL-RGB2IR generated IR images out-
performs baselines and other Image-to-Image (I2I) models.
Furthermore, for real-world applications utilizing EO/IR fu-
sion images, this approach solves the well-known challenge
of co-registering EO and IR images, which often have in-
herent misalignment’s due to differing sensor characteristics.
Our code is available at https://github.com/prahlad-anand/ssl-
rgb2irhttps://github.com/prahlad-anand/ssl-rgb2ir.

I. INTRODUCTION
Deep learning models have greatly enhanced the scene

parsing capabilities of autonomous vehicles [24], [25], [22],
[2]. Recent research in robotics and computer vision has
increased interest in thermal infrared (IR) imaging because
of its effectiveness in harsh weather conditions and low-
light environments [23]. Despite the utility of IR cameras,
the images they generate usually contain less semantic infor-
mation compared to electro-optical (EO) RGB images. This
disparity often leads to significant drops in the performance
of deep learning models for downstream tasks [3]. The fusion
of RGB and IR data helps overcome limitations associated
with individual sensor modalities, providing a more compre-
hensive understanding of the environment. This combined
approach addresses the individual limitations of modalities,
such as the low resolution of IR and the incapacity of RGB
sensors to function effectively in low-light conditions [28],
[6].

However, multi-modal techniques encounter three primary
challenges: (1) noisy IR images resulting from sensor noise,
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(2) scarcity of co-registered IR images with EO images,
and (3) inadequate IR data for training models based on
IR images. Images captured by IR cameras typically exhibit
low resolution and blurred object boundaries. Training large
deep-learning models requires extensive annotated IR data,
which is often unavailable. Manual annotation is both time-
consuming and expensive, further complicating the acquisi-
tion of sufficient data for training purposes. Computer simu-
lations can provide annotated IR data, but they require prior
knowledge of IR objects [7]. Approaches capable of using
annotated RGB images to generate high-quality annotated
IR images can offer a solution to the challenges mentioned
above.

Generative Adversarial Networks (GANs) based transla-
tion techniques [4], [15], [1] have been used for RGB data
to generate annotated IR images. However, these bi-domain-
based models tend to generate artifacts in the resulting
IR images when the input images differ significantly from
the training data. While these approaches offer a solution,
the generated images often lack the distinctive style and
characteristics of real IR data. Contrastive learning-based
methods [19] also struggle to learn semantic relations when
significant discrepancies exist. To overcome the limitations
of bi-domain-based methods, Dong et al. introduced an
edge-guided and style-controlled multidomain RGB to IR
translation network [14]. It is based on a multi-domain
translation framework that uses disentangled content and
style latent vectors for image translation. Their emphasis
on edge consistency, particularly for simulated data, leads
to a decline in performance when faced with a substantial
domain gap, as observed in the transition from simulated to
real-world datasets.

Given the challenges associated with the scarcity of co-
registered EO-IR pairs, supervised image-to-image transla-
tion methods encounter difficulties. In view of these lim-
itations, we introduce Semi-supervised RGB-to-IR Image-
to-Image Translation (SSL-RGB2IR) for enhancing vision
task training in semantic segmentation and object detec-
tion. A supervised training branch is introduced within the
existing unsupervised framework. By leveraging generated
paired data, this approach aims to alleviate the challenges
associated with unsupervised training. The semi-supervised
framework is capable of learning from both co-registered
and unco-registered images. SSL-RGB2IR has three stages,
the first is the pseudo pair generation stage, followed by
semi-supervised training. The synthetic co-registered images
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generated during the pseudo-pair generation stage facilitate
the supervised training branch in effectively learning pixel-
wise correspondence, thereby enhancing the generation of
fine details in IR images. This process is guided by patch-
wise contrastive learning loss, which ensures fidelity in IR
representation. Embedded within the unsupervised training
branch, our semi-supervised framework aids in attaining the
desired IR features while preserving the distinctive attributes
of authentic IR imagery. To summarize, the main contribu-
tions of this paper are:

• Semi-supervised RGB-to-IR Image-to-Image Transla-
tion network is introduced, designed to generate IR
images from RGB images.

• It comprises both supervised and unsupervised
branches. It employs a Generative Adversarial Network
(GAN) framework with contrastive learning-based
losses for both branches.

• The performance of models trained on images generated
by SSL-RGB2IR is compared with other image-to-
image translation (I2I) networks. The former consis-
tently outperform the latter in downstream tasks such
as segmentation and detection.

• In the sim-to-real scenario, the performance of SSL-
RGB2IR is compared with other image-to-image (I2I)
models. IR images are generated for both synthetic and
real datasets. The baseline segmentation model trained
using IR images from SSL-RGB2IR outperforms both
the baseline and other image-to-image translation net-
works. This proves the superior quality of the generated
images produced by SSL-RGB2IR.

II. RELATED WORK

A. Paired EO to IR image translation

Numerous previous studies have tackled the task of image
translation from both RGB to IR and vice versa [29].

Isola et al. [9] initially introduced image-to-image transla-
tion using Conditional Adversarial Networks (Pix2Pix), fo-
cusing on paired image to image translation for multiple tasks
including day to night and labels to street scene. Kniaz et
al. [12] proposed ThermalGAN, utilizing thermal histograms
and feature descriptors as a thermal signature for IR gener-
ation of people for the task of person reidentification, rather
than using the entire RGB image. Ozkanöglu et al. [18]
proposed InfraGAN, introduced structural similarity as an
additional loss function to enhance the generator and intro-
duced pixel-level comparison for the discriminator, resulting
in a +8% improvement in performance over ThermalGAN
for the VEDAI dataset [20]. Although these methods focus
on generating IR from RGB and compare metrics including
Structural Similarity Index Measure (SSIM) and Peak signal-
to-noise ratio (PSNR), no method evaluates the performance
of generated IR for downstream tasks such as detection to
compare performance against real IR.

B. Unpaired EO to IR image translation

Acquiring large amounts of paired EO and IR data can be
a significant hurdle in training models for tasks like RGB to

IR conversion using paired image translation methods. Zhu et
al. [30] addressed this challenge by introducing CycleGAN,
a method capable of learning image translation between
domains even without paired examples. Their approach relied
on a cycle consistency loss to maintain the desired style
during translation.

Building on this concept, researchers have explored uti-
lizing both CycleGAN and Pix2Pix for training EO-IR
networks. Lichao et al. [29] translated RGB videos into TIR
using Pix2Pix and CycleGAN, then computed the Euclidean
distance between the translations and the TIR ground-
truth images. These studies demonstrated the superiority of
Pix2Pix for EO to IR translation, emphasizing the value of
a paired training signal compared to the unpaired, despite
the larger unpaired dataset. These findings underscore the
potential limitations of unpaired training for EO-IR tasks.
Dong et al. [14] proposed Edge-guided Multi-domain RGB-
to-TIR Image Translation in view of these limitations. Their
unsupervised learning approach incorporated a style vector
to generate realistic TIR images with minimal artifacts while
preserving key image details. A novel edge-guided loss
was introduced to retain the essential dynamic details in
the translated TIR image. However, a common shortcoming
among these existing methods is the tendency for poor
generalization on unseen images, often resulting in a loss
of key details in the translated image. This is particularly
true for methods relying solely on paired image translation
models, leading to unreliable generated IR data. Furthermore,
very few of the models have tested the generated IR for
object detection tasks.

Our proposed model addresses these limitations by: Pre-
serving key features of real IR: Our approach aims to
generate translated IR images that closely resemble real IR
data.
Object detection and segmentation: We evaluate the suit-
ability of generated IR images for object detection and seg-
mentation tasks, demonstrating effectiveness in replicating
real IR functionality.
Enabling broader applications: Through the generation of
reliable EO-IR pairs, our model has application in relevant
tasks such as image fusion.

III. METHODOLOGY

A. Problem Formulation

Robotic perception can be significantly enhanced by lever-
aging infrared (IR) images, especially in low-light condi-
tions. Deep learning models often face a decrease in perfor-
mance when trained on IR data. This is due to the reduced
semantic information carried by IR imagery and the relative
scarcity of IR data compared to traditional RGB images.
Therefore, our objective is to generate IR images from
electro-optical (EO) images using image-to-image transla-
tion. Given the need for a semi-supervised image-to-image
(I2I) translation framework capable of learning from both
co-registered and unco-registered images, we introduce a
semi-supervised RGB-to-IR model aimed at generating IR
data from RGB images. The objective is to learn mapping
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Fig. 1. The pseudo EO-IR pair generation network consists of two encoders within the generator: a content encoder for EO and a style encoder for
IR. Each encoder produces a feature vector, which is an input to the adaptive instance normalization. Additionally, the discriminator is responsible for
predicting whether the generated images are real or fake.

Fig. 2. Framework of SSL-RGB2IR: It includes a single generator shared by both branches, along with discriminators specifically assigned to each
branch. It consists of supervised and unsupervised branches. The unsupervised (unpaired) training branch is focused on maintaining the pixel-level details
present in the input RGB images when converting them into real IR images. The supervised (paired) training branch acquires the target style from the
pseudo-paired images generated during the training process.

G : X → Y , where X denotes the set of RGB images and
Y denotes unpaired IR images, with the help of the pseudo
paired dataset P = {xp

i , y
p
i }

N
i=1.

IV. SSL-RGB2IR: SEMI-SUPERVISED RGB-TO-IR
IMAGE-TO-IMAGE TRANSLATION NETWORK

A. Pseudo-pair generation

Generating pseudo-pairs is important for minimizing the
domain gap between EO and IR images. For this, the GAN-
based unpaired I2I translation model [8] is used. As shown in
Fig. 1, the generator has two encoders, one for EO and one
for IR, followed by a decoder. The style and content encoders

are responsible for generating style and content vectors.
Specifically, the content encoder focuses on capturing details
such as the edges and textures of the EO image, while
the style encoder captures the IR characteristics. The model
undergoes training using three types of reconstruction losses
[14]. To reconstruct the original RGB image, LRGB is
defined as follows:

LRGB = E[|GRGB(E
c
RGB , E

s
RGB)− xRGB |] (1)

where GRGB is the decoder, Ec, Es and xRGB denote the
content, style encoders for RGB, and input RGB image. The
content reconstruction loss calculates the disparity between
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Fig. 3. Comparison of models on RGB to IR image translation on real images from the M3FD dataset. Features of IR images are most accurately portrayed
in the proposed model, particularly outperforming baselines in the representation of persons and other key foreground objects crucial to downstream task
performance. Objects and regions of particular interest are highlighted across images, demonstrating the superior performance of the proposed model.

the content vector of the RGB image and that of the
generated IR image, and is given as,

LRGB
c = E[|EC

IR(GIR(CRGB , VIR))− CRGB |] (2)

where EIR and GIR denote the content encoder and IR
decoder. VIR and CRGB denote the content and style vec-
tors respectively. The style reconstruction loss measures the
distinction between the style vector of the original IR image
and the generated IR image.

LIR
S = E[|ES

IR(GIR(CRGB , VIR))− VRGB |] (3)

where ES
IR denotes the style encoder. VIR and CRGB denote

the content vector of RGB and the style vector of IR,
respectively. The network’s overall training objectives are
outlined as follows:

LG = LRGB
c + LIR

S + LRGB + LGAN + Lcyc (4)

where LGAN and Lcyc represent the adversarial loss [5]
and cyclic loss [8], respectively. Through the generation
of pseudo-paired data, we acquire synthetic EO-IR paired
images. After the paired samples are generated, they are
fed into the SSL-RGB2IR model, which comprises both
supervised and unsupervised branches.

B. Supervised Training Branch

In the supervised training branch, the pseudo-paired EO-
IR images (XP , Y P ) are used for semantic mapping across
diverse scenes. The reconstruction losses rely on Y P , rather
than real-IR images, thus, resultant generated images re-
semble the pseudo pairs more strongly. This branch is
trained using a conditional GAN framework along with
StylePatchNCE loss [10]. The supervised branch operates
within a conditional Generative Adversarial Network (GAN)
framework [17], employing the conditional adversarial loss:

LcGAN (G,DP ) = Ex,y[logDP (x, y)]+Ex[log(1−DP (x,G(x))]
(5)

where DP aims to distinguish between (x, y) and (G(x), x).
The StylePatchNCE loss [10] is a patch-level contrastive
learning loss used to assist the model in capturing local style
information and finer details. This loss is useful in generating
IR images and preserving the actual IR characteristics. The
training loss for the supervised branch is given by:

Lsup = LcGAN (G,DP ) + LStylePatchNCE(G,F, Y P ) (6)

where G represents the generator, Y denotes the pseudo-
label pair, and F denotes the projection head used to train
the contrastive learning loss in StylePatchNCE.

C. Unsupervised Training Branch

This branch uses the original high-quality EO-IR (real)
dataset to learn the actual target distribution. As seen from
Fig. 2 the patches from EO and IR have diverse semantic
information, which can be used for unsupervised stylization.
The semantic relation consistency loss LSRC [11] and the
hard negative contrastive loss LhDCE [11] are used. LhDCE

uses a patch-wise contrastive loss mechanism, which pro-
gressively elevates the discriminative challenge posed by
negative samples, thereby strengthening the model’s discrim-
inative capabilities. The training loss for the unsupervised
branch is given by:

Lunsup = LGAN (G,DU ) + LSRC + LhDCE (7)

where DU is the discriminator.

D. Overall Training of SSL-RGB2IR

To train SSL-RGB2IR in a semi-supervised setting, the
loss function is defined as:

LSSL−RGB2IR = Lunsup + Lsup (8)

In both supervised and unsupervised training scenarios, the
Generator G remains the same, while the discriminators are
different.
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V. EXPERIMENTAL RESULTS

A. Experimental Setup

The effectiveness of the proposed SSL-RGB2IR model is
evaluated against other state-of-the-art techniques in image-
to-image translation, including edge-guided multi-domain
image translation (SRGBTIR) [14], CUT [19], SRC [11]
and Scenimefy [10]. To evaluate the performance of deep
learning models on downstream tasks of object detection
and semantic segmentation, the models are trained using the
infrared (IR) images generated using image-to-image trans-
lation techniques. All models are evaluated on the official
test split. Object detection performance is evaluated on the
M3FD dataset [16] using the YOLOv5s and Mask-RCNN
models. Semantic segmentation performance is evaluated on
the MSRS [26] dataset using the DeepLabV3+. In Sim-2-
Real scenarios [27], models undergo training using generated
infrared (IR) images from the GTAV dataset [21] and some
generated IR samples from the MSRS dataset. Following
training, the models are evaluated on the official (real) IR
data from the MSRS dataset. For segmentation, the evalua-
tion metric used is the Intersection over Union (IoU), while
for object detection, the evaluation metric used is the average
Mean Average Precision (mAP).
Datasets: Three public datasets are used for benchmarking,
i.e., M3FD datasets [16], MSRS [26], and GTAV [21]. The
M3FD dataset comprises approximately 4,200 EO-IR image
pairs, each with a resolution of 1024 x 768 pixels with
6 categories. The MSRS dataset consists of 1,444 EO-IR
image pairs, each with an image size of 480 × 640 and
containing 9 classes. The dataset is divided randomly, with
1,083 samples for training and 361 for testing. GTAV consists
of 24,966 driving-scene images generated directly from the
Grand Theft Auto V game engine. It contains 19 distinct
object categories. For the Sim–Real scenario, 840 images
have been randomly selected from the training set, which
originally consists of 12,403 images. These selected images
have a resolution of 1914×1052 pixels.

Implementation Details: For the object detection task,
YOLOV5s, and Mask-RCNN models are used, with back-
bones pre-trained on ImageNet. The YOLOv5 model is
trained for 100 epochs with a batch size of 16. Augmentation
techniques, such as random rotation by 10 degrees, trans-
lation, and random scaling, are applied with a probability
of 0.5. The Mask-RCNN model is trained for 24 epochs
with a batch size of 4, with a learning rate of 10−3, with
a polynomial scheduler. No augmentations are used while
training the Mask-RCNN models. Both models are trained
using an SDG optimizer. For the semantic segmentation task,
the DeepLabV3+ model with an EfficientNet-B3 backbone
pre-trained on ImageNet is employed. It is trained utilizing
an SGD optimizer with a learning rate of 5 × 10−3. All
models undergo training for 200 epochs, with a batch size of
8. The experiments are performed using an NVIDIA Quadro
RTX 5000 GPU.

TABLE I
PERFORMANCE COMPARISON OF OBJECT DETECTION MODELS OF MAP

(%) OF SSL-RGB2IR WITH OTHER STATE-OF-THE-ART MODELS ON

M3FD DATASET.

I2I Translation models YOLOV5s (% mAP) Mask-RCNN
CUT 15.01 6.066

SRGBTIR 18.5 10.734
Scenimefy 11.1 6.47

SRC 17.7 11.66
SSL-RGB2IR (Ours) 19.4 14.69

TABLE II
PERFORMANCE COMPARISON OF SEMANTIC SEGMENTATION MODELS OF

MIOU (%) OF SSL-RGB2IR WITH OTHER STATE-OF-THE-ART MODELS

ON MSRS DATASET.

Model Publication Deeplab V3+ (% IoU )
CUT ECCV 2020 29.68

SRGBTIR ICRA 2023 31.88
Scenimefy ICCV 2023 26.25

SRC CVPR 2022 30.78
SSL-RGB2IR (Ours) 32.36

B. Quantitative Evaluation

Table I presents the object detection performance of SSL-
RGB2IR and other image-to-image translation techniques on
standard detection models YOLOv5s and Mask-RCNN. Both
models demonstrate superior performance when trained on
the generated IR data from SSL-RGB2IR. This results in
an improvement of 8.3% and 8.22% compared to the con-
temporary semi-supervised model Scenimefy for YOLOv5s
and Mask-RCNN, respectively. Additionally, there is an
improvement of 0.9% and 3.95% compared to SRGBTIR on
both models. Table II displays the segmentation performance
of the DeepLabV3+ model on generated IR images from
SSL-RGB2IR and other image-to-image translation models.
The results demonstrate that the model trained with SSL-
RGB2IR images surpasses all other models in performance.
Specifically, it outperforms the Scenimefy model by 6.11%
and the SRGBTIR model by 0.48%. Table III presents the
segmentation performance of the DeepLabV3+ model when
trained on generated IR data from both the GTAV and
MSRS datasets. The updated training dataset comprises 840
images from GTAV and 360 images from the MSRS dataset.
The trained model’s performance is evaluated on the real
test set of the MSRS dataset. The baseline model refers
to the DeepLabV3+ model trained exclusively on the 360
images from the MSRS dataset. As observed, using simulated
images enhances the performance compared to using only
real images. The model trained with SSL-RGB2IR generated
IR data outperforms all the other models. It outperforms
Scenimefy by 3.5% and SRGBTIR by 2.88%. This illustrates
the superior IR generation capability of SSL-RGB2IR for
both real and simulated datasets.

C. Qualitative Evaluation

For qualitative evaluation, the generated IR images pro-
duced by SSL-RGB2IR are compared with those generated
by other models. Figures 3 and 4 depict the generated images
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Fig. 4. Comparison of the baseline and the proposed method on images from the MSRS dataset. Baseline methods fail to preserve details from RGB
images and result in ambiguous boundaries in generated IR images.

Fig. 5. Comparison of model performance on generalization to synthetic RGB data from the GTAV dataset. The proposed model is much better at
preserving structural information and texture details from the input RGB images, while maintaining a style consistent with IR imagery. Further, IR images
generated by the proposed model provides the largest boost to accuracy on the downstream task of semantic segmentation.

TABLE III
PERFORMANCE COMPARISON OF SEMANTIC SEGMENTATION MODELS OF

MIOU (%) OF SSL-RGB2IR WITH OTHER STATE-OF-THE-ART MODELS

FOR SIM-2-REAL SCENARIO.

I2I Translation models Publication Deeplab V3+ (% IoU )
Baseline - 46.85

CUT ECCV 2020 49.79
SRGBTIR ICRA 2023 48.17
Scenimefy ICCV 2023 47.55

SRC CVPR 2022 48.13
SSL-RGB2IR (Ours) 51.05

of M3FD and MSRS datasets, respectively. SSL-RGB2IR
demonstrates its ability to preserve semantic information
from RGB images, maintaining edge consistency and demon-
strating consistency with IR characteristics, particularly for
persons as can be seen in Figure 3. Figure 5 illustrates the
generated IR images sourced from the GTAV dataset. The
generated images retain pixel-level details present in the
original images (not preserved by other models), as shown
by features such as cars and buildings, while translating to
a style approximating that of infrared images.

D. Ablation Studies

We conduct an ablation study to investigate the impact
of super-resolution in SSL-RGB2IR to potentially remove
the sensor noise. The EO-IR images are first passed through
SR-GAN [13] and then subsequently fed into SSL-RGB2IR.
Table IV presents the performance comparison between
SSL-RGB2IR and SSL-RGB2IR with super-resolution (SSL-
RGB2IR + Super-resolution). Using super-resolution results
in a performance decrease for both the downstream tasks of
segmentation on the MSRS dataset and object detection on
the M3FD dataset.

VI. CONCLUSIONS

This paper presents a Semi-supervised RGB-to-IR Image-
to-Image Translation model (SSL-RGB2IR) designed to gen-
erate IR images from EO images. The SSL-RGB2IR model
consists of two main components: pseudo-pair generation

TABLE IV
PERFORMANCE COMPARISON OF MIOU (%) OF SSL-RGB2IR WITH

AND WITHOUT SUPER-RESOLUTION.

Method DeepLabV3+
(On MSRS )

YOLOV5s
(On M3FD)

SSL-RGB2IR + Super-resolution 29.88 12.10
SSL-RGB2IR 32.36 19.4

and a semi-supervised learning framework. The pseudo-pair
generation module is responsible for generating synthetic
EO-IR pairs. Subsequently, the semi-supervised learning
framework comprises a supervised learning branch, which
uses these synthetic EO-IR pairs, followed by an unsuper-
vised learning branch, using real EO and IR images. The gen-
erated infrared (IR) images are of high quality and effectively
retain the characteristics typical of IR imagery. Deep learn-
ing models consistently achieve superior performance when
trained on IR images generated by SSL-RGB2IR, compared
to other I2I translation networks. The DeepLabV3+ model,
when trained on IR data synthesized by SSL-RGB2IR,
demonstrates a 6.11% improvement in segmentation accu-
racy compared to Scenimefy. In the detection task, both
YOLOV5s and Mask-RCNN models, trained on images
generated by SSL-RGB2IR, outperform models trained on
Scenimefy-generated images by 8.3% and 8.22%, respec-
tively. In the sim-2-real setting, the DeepLabV3+ model
trained on IR data generated by SSL-RGB2IR surpasses
the baseline model by 4.2% and outperforms Scenimefy-
generated images by 3.5%.
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